Introduction
[2] Surface soil moisture plays a key role in the exchange of energy and water between the atmosphere and the land surface. Realistic spatial representation of soil moisture can improve the representation of land surface processes in hydrologic and general circulation models, including evapotranspiration and runoff [Famiglietti and Wood, 1994] , dust emission [Fécan et al., 1999] , and the predictability of precipitation [Koster et al., 2000] and mesoscale circulations. In response to the need for characterization of global scale soil moisture distributions, current and future spaceborne microwave sensors will be producing 40-to 60-km footprint-scale surface soil moisture estimates across the globe [Famiglietti, 2004] . However, due to the nonlinear relationship between land surface processes and soil moisture, disregarding sub-footprint-scale heterogeneity of soil moisture can lead to inaccurate prediction of the atmospheric circulation or bias in the pixel-aggregated model outputs [Giorgi and Avissar, 1997] .
[3] Subgrid-scale heterogeneity of soil moisture is often represented by the variance of soil moisture within a region. When dealing with the soil moisture variance, three observation scales of soil moisture should be considered; spacing, support, and extent [Blöschl and Sivapalan, 1995; Western and Blöschl, 1999] . Spacing refers to the distance between measurements or data points. Support refers to the effective area or volume which the measurement represents. Extent is the total size of the spatial domain. For example, for the case of a 50 Â 50 km 2 remote sensing footprint divided into 2500 1 Â 1 km 2 grids, the extent scale is 50 km and the support scale is 1 km. Within a large region, the total soil moisture variance (see section 4) is the sum of the variance of the measurements at the support scale (e.g., of the subgrids) and the variance within the support scale (e.g., within the subgrids). The focus of this work is on the scaling behavior of soil moisture spatial variance with increasing support scale, in the context of increasing subgrid size within remote sensing footprints or any larger region. Famiglietti et al. [2006] discuss the behavior of soil moisture variance with increasing extent scale.
[4] Rodríguez-Iturbe et al. [1995] reported that, for a fixed extent scale, the log variance of soil moisture decreases linearly with increasing log support scale, or follows a power law decay. Hu et al. [1998] and Crow and Wood [2002] suggested further that this relationship provides a framework for downscaling soil moisture variance from remote sensing footprints to subgrids of a given support scale within the footprint.
[5] We believe that the effective range of the spatial scales within which the Rodríguez-Iturbe et al. [1995] power law holds must be carefully examined, because the linear trends may hold only within the correlation length of the soil moisture spatial distribution [Levin, 1992] . Rodríguez-Iturbe et al. [1995] explored relatively small support scales, from 30 Â 30 m 2 to 1 Â 1 km 2 , within which only one correlation length may be apparent. However, surface soil moisture content is spatially correlated with multiple correlation lengths ranging from a few tens of meters [Anctil et al., 2002 ] to a few tens of kilometers, or even longer than a hundred kilometers [Oldak et al., 2002; Vinnikov et al., 1999] . This implies that there may exist a nested spatial correlation structure of surface soil moisture with more than one correlation length scale, resulting in multiple slopes of the power law decay pattern of soil moisture variance.
[6] Here we examine the scaling behavior of surface soil moisture spatial variance with increasing support scale, from approximately 1 Â 1 km 2 to 140 Â 140 km 2 . In particular, we examine how the spatial correlation pattern of soil moisture, obtained from airborne remotely sensed images, influences the scaling behavior of the surface soil moisture variance and the log-linearity of the variancesupport scale relationship.
Description of Data
[7] Airborne remotely sensed images collected during the Southern Great Plains 1997 (SGP97) Hydrology Experiment were employed for the analyses in this work. The SGP97 experiment was conducted from June 18 to July 17, 1997 in a 50-km by 250-km region of central Oklahoma. During the experiment, the Electronically Scanned Thinned Array Radiometer (ESTAR), onboard a NASA P3B aircraft, collected sixteen daily soil moisture images at 800-m resolution over the region. The ESTAR data represent the surface soil moisture content in the top 5-cm soil layer with errors on the order of 3% compared to ground-based validation samples.
[8] During the experiment, there were roughly four major drying sequences; June 18 $ 25, June 26 $ 27, June 29 $ July 3, and July 11 $ 16. Each drying sequence started with partial wetting of the SGP97 region by rainfall events with length scales varying from 60-to more than 100-km [Oldak et al., 2002] .
Spatial Correlation
[9] In order to identify the spatial correlation in the SGP97 region, semi-variograms were calculated using the daily ESTAR data. Since the dimension of the experiment region was highly anisotropic, each pair of measurements for the semi-variogram was chosen along the longer dimension. The longest lag distance is typically 100 km, which is approximately one third of the longer dimension of the study region. Due to the large number of pixels within each image, the number of semi-variogram pairs is over one million even at the largest lag distance. In addition, the ESTAR mapping region was extended by about 130 km to the north on a few days, which allowed us to increase the maximum lag distance to 140 km on July 2, 12, and 16, 1997.
[10] Figure 1 displays semi-variograms during each of the four major drying sequences of SGP97, named Groups 1 $ 4. The overall spatial correlation pattern is characterized by the existence of at least two correlation lengths. Shorter correlation lengths have variogram ranges from about 10 to 30 km. Longer correlation lengths display variogram ranges from about 60 to 100 km or larger. The longer variogram ranges are attributed to large-scale rainfall events, while the shorter ranges are related to the spatial pattern of soil texture within the SGP97 region [Kim and Barros, 2002; Oldak et al., 2002] . An analysis of the normalized difference vegetation index (NDVI) reveals that the semi-variogram ranges of the vegetation density in the Southern Great Plains also fall between 20 and 40 km [Cosh et al., 2003] .
[11] In Groups 1 and 3 of Figure 1 , spatial correlation patterns of soil moisture are dominated by rainfall patterns with large correlation scales, although the semi-variograms show slight inflections around a lag distance of 10 km. This is likely a consequence of the soil texture within the larger scale wet and dry patches of the soil moisture fields. In Group 3, most of the semi-variograms do not display sill within the maximum lag distance, a result of the gradual increase in surface wetness from south to north (see the soil moisture images shown by Jackson et al. [1999] ). However, when the maximum lag distance was extended to 140 km due on July 2, 1997, a sill was observed at about 140 km. In Group 2, whereas a sill was observed with a variogram range of roughly 30 km, which also resulted from the spatial pattern of soil texture, the major correlation patterns result from the large-scale rainfall event of June 25. In Group 4, there are two distinct correlation scales, one with a range between 30 and 40 km and the other with about 120 km. The observed nested correlation patterns result from the combined effect of land surface features (i.e., soil texture and vegetation water content) and the spatial pattern of rainfall [Kim and Barros, 2002] .
Semi-Variogram and Scaling Behavior
[12] Within a specific range of spatial scales, the variance of surface soil moisture follows a power law decay [Rodríguez-Iturbe et al., 1995] , that is, the log variance of soil moisture decreases linearly with increasing log support scale. The slope of the power law decay is determined by the spatial correlation pattern of soil moisture, from À1 for independent random variables to 0 for the completely correlated variables [Hu et al., 1997] . Given the semivariogram of a soil moisture field, the functional relationship between log variance and log support scale can be reproduced using the regularization technique [Journel and Huijbregts, 1978; Western and Blöschl, 1999] . If we know the true variance of the soil moisture field, s true 2 , then the variance at the support scale of s, s s 2 , can be calculated as:
where s within s 2 is the soil moisture within the support scale. In the regularization technique, s within s 2 is calculated using the given semi-variogram of the field and the probability density function of the distances between two points within Figure 1 . Semi-variograms of surface soil moisture derived from remotely sensed soil moisture data during SGP97. Groups 1 -4 represent the four major drying sequences of the experiment.
the support, and the spatial correlation is assumed to be isotropic within the support. More details of the calculation are given by Western and Blöschl [1999, appendix] . Note that direct aggregation of soil moisture pixels is also a viable approach to compute the variance at the support scale. However, the highly anisotropic shape of the ESTAR domain would greatly limit the maximum support scale that could be analyzed in this work.
[13] Based on the calculated semi-variograms in Figure 1 , three cases were chosen as the representative spatial correlation patterns of surface soil moisture (Figure 2 ). Case 1 represents the case where the soil moisture spatial correlation pattern is determined predominantly by rainfall. A spherical model was fit to the semi-variogram on July 2 for Case 1. Case 2 represents the case where the spatial correlation pattern of soil moisture is influenced by both large-scale rainfall and small-scale land surface features such as soil texture and vegetation. The nested semivariogram of July 12 was chosen to represent Case 2. In order to fit the nested structure, two semi-variogram models were fit to the two separate ranges of the lag distance, respectively. An exponential model was used for the lag distances from 0 to 60 km, and a Gaussian model was fit to the data with lag distances from 60 km to 140 km. Case 3 assumes that, after some period of drying, the soil moisture correlation pattern mostly represent soil texture and vegetation features. Part of the semi-variogram for July 14, with lag distance from 0 to 60 km, was used to construct the exponential model for the Case 3. Parameters of the semi-variogram models for the Cases 1 $ 3 are summarized in Table 1 .
Scaling Behavior of Soil Moisture Spatial Variance
[14] Figure 3 displays the scaling behavior of soil moisture variance with increasing support scale. Each case was reproduced by applying the regularization technique to the corresponding semi-variogram models in Figure 2 . True variances were taken as the variances of the soil moisture images on July 2, 12, and 14 at the 800-m scale. For simplicity, we ignore the variance within the 800-m scale [Famiglietti et al., 1999] , which would likely increase the true variances reported here.
[15] Soil moisture variance decreases from Case 1 to Case 3 because of the corresponding decrease in mean moisture content across the entire region, which reduced the large-scale north-south soil moisture gradient during the drydown. Also, the ESTAR image on July 14 did not include the extended (wet) region present in the images of July 2 (Case 1) and July 12 (Case 2).
[16] In all cases, log variances show a fairly linear trend until the support scale reaches about 2 Â 10 8 m 2 , approximately a 14 km length scale. However, in Cases of 2 and 3, the slopes of the curves become noticeably steeper after the length scale of the support exceeds the ranges of semivariograms (shown as vertical dashed lines). In Case 2, the slope of the scaling curve becomes steeper once again after the second range of the nested variogram is exceeded. This implies that in the case of spatially organized variables with exponential or Gaussian semi-variograms, the variogram range could be used as a measure of the length scale at which the linear trend between log variance and log support scale changes.
[17] On the other hand, in Case 1, nonlinearity of the log variance curve appears sooner than in Cases 2 and 3 relative to the variogram range, which in this case is about 140 km. This suggests that, not only the correlation length of the spatial variable, but also the shape of the semi-variogram function may have an important influence on the decreasing trend of log variance with increasing support scale. The spherical semi-variogram increases more monotonically than the exponential or Gaussian models. Although the variance of Case 1 is larger than Case 2 at the support scale of 1 km, it decreases to a smaller value than Case 2 at the 140-km scale (Figure 2 and Table 1 ).
Discussion and Conclusions
[18] At least two different scales of spatial correlation are observed in the SGP97 soil moisture field. Smaller scale correlation (10 $ 30 km) is caused by slowly or non- changing land surface features like vegetation and soil texture, while larger scale correlation (60 $ 100 km and greater) results from precipitation, which is dynamic and more difficult to predict. By applying the regularization technique to three representative cases, which are based on the observed spatial distribution of soil moisture, it was shown that spatial variance of soil moisture does not follow a power law decay between the support scales of 1 km and 140 km, and depends on the spatial correlation characteristics of the soil moisture field. This range of spatial scale is particularly important because it includes the typical grid sizes of land surface and hydrological models, as well as soil moisture remote sensing products. For the case where correlation of soil moisture can be characterized by the exponential and/or Gaussian semi-variogram models, the linearly decreasing trend of log variance noticeably changes around the variogram range of each model.
[19] The existence of the multi-scale nested semivariograms indicates that the decaying pattern of soil moisture variance with increasing support scale could be complex, composed of piecewise-linear sections bounded by distinct correlation lengths. In addition to the scales addressed in this work, Anctil et al. [2002] and Kelly et al. [2003] reported spatial correlation of surface soil moisture with variogram ranges between 30 and 65 m, which implies that the actual scaling behavior of soil moisture variance could be even more complex than that presented here.
[20] The power law decay of soil moisture suggested by Rodríguez-Iturbe et al. [1995] can also be understood in the context of spatial correlation. That study used soil moisture data collected during the Washita '92 experiment and identified the linear decrease of log variance with increasing log support scale from 30 Â 30 m 2 to 1 Â 1 km 2 . According to Cosh and Brutsaert [1999] , soil moisture fields observed during the Washita '92 experiment showed spatial correlation with the semi-variogram ranges of 1 km or longer, likely accounting for the linear decay of the soil moisture variance with increasing support scale found at the shorter length scales of the Rodríguez-Iturbe et al. [1995] study.
[21] This study strongly suggests that understanding the spatial correlation pattern of soil moisture is critical for predicting the scaling behavior of soil moisture variance. By identifying the range of support scales within which the linear decay of soil moisture variance holds, predicted scaling behavior can be utilized to parameterize the subgrid-scale soil moisture content as was suggested by Crow and Wood [2002] . More work is required to fully characterize the correlation lengths of the multiple environmental controls on soil moisture variability and their impacts on soil moisture variance across scales [e.g., Isham et al., 2005] .
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